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Introduction
Limited information is available about teenage pregnancy and childbearing in rural areas (Loda et al. 1997) , even though approximately 20 percent of the nation's youth live in rural areas (Economic Research Service 2005) . Most of the previous research on teenage pregnancy has concentrated on teenage pregnancy prevention, with very few studies that have compared the teenage birth rate (TBR) across states (Crosby and Holtgrave 2006) and no nationally representative studies that provide pregnancy or birth rates for teenagers living in nonmetropolitan 3 areas (Skatrud, Bennett and Loda 1998) . Identifying whether there are differences in the TBR across metropolitan and nonmetropolitan areas is important because these differences may reflect ecologicallevel influences such as education, employment, laws, healthcare infrastructure, and policies that could be changed in an effort to reduce the TBR (Crosby and Holtgrave 2006) . Skatrud et al. (1998) wrote the most recent and comprehensive overview of the literature on teenage pregnancy in nonmetropolitan areas. Of the 500 articles reviewed, the authors identified only six articles focused on teenage pregnancy in nonmetropolitan areas. In addition, these six published articles focused specifically on one or a few states and used samples which were not racially or ethnically diverse. One of the articles only focused on sexual activity among rural teenagers rather than teenage pregnancy or birth rates.
By compiling this comprehensive literature review, Skatrud et al. (1998) identified that there is a genuine need for a thorough examination of comparative data for
Research framework

Presence of family planning clinics and TBR
Family planning services 4 are a critical component to make the changes needed to reduce the TBR (Santelli et al. 2007 ); however, teenagers from nonmetropolitan areas face more restrictions when trying to obtain contraceptives compared to urban teenagers (Skatrud et al. 1998 ). Most importantly, there is a lack of multiple forms of health services (e.g., family planning clinics, family physicians, obstetricians, and gynecologists) available in nonmetropolitan areas (Loda et al. 1997) . In addition, when compared to metropolitan teenagers, rural teenagers have more confidentiality concerns, have minimal public transportation options, and have to travel long distances to family planning clinics (Skatrud et al. 1998) .
Even if contraceptive services and supplies are available in an area, this does not mean that all minors are able to receive the contraceptives or reproductive health care they need. Rising medical costs, such as those associated with new contraceptive methods and treatment options, have forced family planning clinics to restructure their administration, resulting in clinic consolidation (Frost, Frohwirth, and Purcell 2004) . This restructuring has made it more difficult for teenagers to obtain contraceptives who live far from open clinics or in places where clinics have closed. A clinic opening farther away not only causes transportation and contraceptive availability problems but also causes problems for women and teenagers to receive stable and continuous reproductive healthcare.
Clinic consolidation can be especially problematic for teenagers who live in nonmetropolitan areas where, increasingly, hospitals no longer provide family planning services and there is no public transportation available to more distant clinics (Bennett 2002) . Teenagers may be forced to seek more expensive contraceptive services through nearby private physicians, settle for using less effective contraceptive methods, or use no contraceptive method or receive no reproductive healthcare at all (Frost et al. 2004 ).
Race, ethnicity, and teenage childbearing
Most of the research on teenage pregnancy has focused on behavioral and socioeconomic variables that are associated with teenage pregnancy, and relatively little research has focused on the differences in pregnancy and birth rates across racial and ethnic groups (Berry et al. 2000) . Even among the studies that have compared TBR among race/ethnicity groups, few studies include Asian teenagers and even fewer consider American Indians. This is usually due to the small sample size of these minority populations (Berry et al. 2000) .
Teenage pregnancy and birth rates are higher among racial and ethnic minority groups (Manlove et al. 2000b; Maynard and Rangarajan 1994; Santelli et al. 2000; Zavodny 2001 ). American Indian teenagers experience higher rates of teenage pregnancy than their white counterparts (Corcoran, Franklin and Bennett 2000; Garwick et al. 2008 ). In the US, the American Indian TBR is 69 per 1,000 teenagers compared to the national TBR of 49 per 1,000 teenagers (Garwick et al. 2008) . African American and Hispanic teenagers have higher rates of teenage births than white teenagers (Blake and Bentov 2001; Corcoran et al. 2000) . In their study on birth rates among teenagers in California, Kirby et al. (2001) found that the proportion of the population who were Black and the proportion of the population who were Hispanic to be significantly and positively related to the TBR.
While, overall, whites account for the largest racial category in nonmetropolitan areas, there are nonmetropolitan areas in the US in which nonwhites account for a significant portion of total population. In many parts of the southeast and Mississippi Delta, African Americans make up a large portion of total population, and Native Americans make up a large proportion of the population in parts of the upper Great Plains and Four Corners region (e.g., the neighboring corner boundaries of Colorado, New Mexico, Arizona, and Utah) (Miller 2009 ). Over half of the nonmetropolitan Hispanic population is concentrated in the South and Southwest (Saenz 2010) . Given the fact that racial/ethnic composition is related to TBR and there is great spatial variation in racial/ethnic distribution and composition, we have good reason to suspect that the associations between race groups and TBR are spatially uneven (i.e., nonstationary).
The association between religiosity and teenage births
There is a need for more extensive empirical research on the possible association between religiosity and adolescent pregnancy (Miller and Gur 2002) since little is known about the influence of religious affiliation or adherence on teenage pregnancy and childbearing (Brewster et al. 1998) . We do know that teenage women with a religious affiliation are less likely to become sexually active prior to marriage than their nonreligious counterparts (Brewster et al. 1998 ). In addition, teenage females involved with fundamentalist religions experience their first sexual intercourse at a later age; however, they are substantially less likely to use contraceptives during their first sexual intercourse (Brewster et al. 1998) . Miller and Gur (2002) examined the relationship between religiosity and adolescent pregnancy through unprotected sexual intercourse and found that religiosity was associated with fewer sexual partners in the last year. The authors also identified that planned and responsible use of birth control methods was significantly related with frequent attendance at religious events. Surprisingly, the authors found that no aspect of religiosity in adolescence was associated with a decrease in the likelihood of sexual activity or sexual abstinence (Miller and Gur 2002) . In another study on religiosity and teenage childbearing, Zavodny (2001) found that a woman's religious denomination does not affect the likelihood of a nonmarital teenage pregnancy. By contrast, O'Connor (1999) found that membership in a school religious organization was associated with lowered odds of having a child as a teenager; however, significant findings were only identified for white teenagers.
The mixed evidence from the studies above makes it difficult to understand whether there is variation in the levels of sexual activity, contraceptive use, pregnancy, and childbearing among teenagers from different religious affiliations. Differences in levels of pregnancy and childbearing among teenagers from multiple religions may be related to varying beliefs regarding premarital sexual activity or contraceptive use. Differences in TBR by religious affiliation could also be attributed to specific beliefs about abortion.
Religious adherence varies across metropolitan and nonmetropolitan America. Nonmetropolitan Americans are more likely to be frequent church-goers compared to those living in metropolitan areas (Dillon and Savage 2006) . Nonmetropolitan Americans are also more likely than those living in metropolitan areas to be "Bornagain," which are individuals that tend to adhere to evangelical religions, and are more likely to express a biblically conservative stance on social and moral issues (Dillon and Savage 2006) . A recent study reported that religious diversity is spatially clustered in the US (Warf and Winsberg 2008) . Specifically, the most diverse regions include counties in the Pacific Northwest, Denver area, Pittsburgh, and central Florida. The least diverse region is in the Four Corners area. Given the variation in religious adherence and beliefs across metropolitan and nonmetropolitan America, we believe the relationship between religiosity and TBR will vary across space.
Socioeconomic status and teenage childbearing
Socioeconomic status, which is highly correlated with poverty, employment, and education, has been found to be a significant factor contributing to teenage childbearing (Berry et al. 2000; Corcoran et al. 2000; Manlove, Mariner, and Papillo 2000a; Santelli et al. 2000) . The risk of teenage pregnancy and births is higher in more disadvantaged communities (Driscoll et al. 2005; Skatrud et al. 1998) . High socioeconomic status in a community usually leads to more services and economic resources available for teenagers and other members of the community (Driscoll et al. 2005) . When teenagers are exposed to these economic resources, they are more likely to delay childbearing. Teenagers who live in disadvantaged areas have fewer opportunities, which may provide less of an incentive for avoiding a birth as a teenager (Driscoll et al. 2005) .
Poverty has been found to be one of the strongest indicators of unintended teenage childbearing (Blake and Bentov 2001; East and Jacobson 2000; Manlove et al. 2000a; Santelli et al. 2000) . Kirby et al. (2001) , using data for all ZIP code areas in the state of California, found that the proportion of households living below the poverty line is positively correlated with the TBR. The birth rate among poor teenagers ages 15 to 19 is almost ten times the rate among higher-income teenagers (Santelli et al. 2000) .
High levels of unemployment are related to higher levels of teenage pregnancy (Corcoran et al. 2000; Young et al. 2004 ). Kirby et al. (2001) found that among the nonHispanic white population, both male and female unemployment rates were positively related to the TBR. Among the Black population, neither male employment nor male unemployment rates were significantly related to the TBR; however, the Black female unemployment rate was even more related to the Black TBR than the white female unemployment rate was to the white TBR (Kirby et al. 2001) . For the Hispanic population in the study, neither male nor female unemployment rates were significantly related to the TBR (Kirby et al. 2001) .
Living in an area with low levels of formal education is a significant risk factor for teenage pregnancy. Blake and Bentov (2001) found that the higher the percentage of adults with less than 12 years of education, the higher the unmarried TBR. Additionally, Kirby et al. (2001) found that the higher the adult population with a college degree, the lower the TBR.
Teenagers who grow up in communities with high unemployment rates and inferior schools perceive that they have more limited educational and employment opportunities. They may have less of an incentive to delay early childbearing (Blake and Bentov 2001; Corcoran et al. 2000; Driscoll et al. 2005; SmithBattle 2007 ). This previous research shows how poverty, unemployment, and limited education in an area are associated with teenage pregnancy and childbearing. As nonmetropolitan areas have been featured by poorer socioeconomic indicators (e.g., income) compared to metropolitan areas (Miller 2009 ), we question whether the associations between TBR and these indicators differ by metropolitan status.
Hypotheses
Our review and discussion of the existing literature provides some evidence to suggest that TBR and its determinants may be distributed unevenly across space. Another source of potential spatial heterogeneity is the dynamics between population and location (Fotheringham 1997) . That is, the differences in knowledge, attitudes, and culture across locations may alter how people utilize local medical resources, react to hardship, and manage pregnancy. Given the potential presence of spatial heterogeneity, it would be naïve to assume that the spatial process between TBR and its determinants are stationary (or universal) and can be captured by a conventional "global" model. In our study, we use GWR to explore the heterogeneity within metropolitan/nonmetropolitan counties separately. We also investigate the difference between metropolitan/nonmetropolitan counties using spatial regime analysis (see methodology section).
Using this spatial modeling framework, we test seven hypotheses. We hypothesize that (H1) the spatial variation in the availability of family planning clinics (Skatrud et al. 1998) Given that teenage women with a religious affiliation are less likely to become sexually active prior to marriage than their nonreligious counterparts (Brewster et al. 1998) , we hypothesize that (H4) higher religiosity in a county is associated with a lower TBR and in the counties where the religious diversity is high (Warf and Winsberg 2008) the association between religiosity and TBR will be weaker. Since nonmetropolitan Americans are more likely to be frequent church-goers compared to those living in metropolitan areas (Dillon and Savage 2006) , we predict that (H5) the association between religiosity and TBR to be stronger in nonmetropolitan compared to metropolitan areas.
Similarly, as the socioeconomic composition is important in understanding TBR and varies greatly across metropolitan and nonmetropolitan counties, our last two hypotheses are that (H6) the relationship between the socioeconomic disadvantage index and TBR is not stationary across counties and that (H7) the association between socioeconomic disadvantage and TBR is stronger in nonmetropolitan than metropolitan counties. The counties in the south, the areas consistently experiencing high poverty, are expected to show stronger effects of socioeconomic disadvantage on TBR than those counties in other regions.
Data and methodology
Unit of analysis
This is a county-level analysis of all counties in the continental US (with Virginia's independent cities treated as counties in these analyses). The county was chosen as the unit of analysis for this study for several reasons. First, the county is the smallest analytic unit with useful policy implications (Allen 2001) , and policy decisions rarely extend to units below the county-level. Second, data from the US decennial census and other governmental agencies such as the National Center for Health Statistics (NCHS) are more readily available at the county-level. Third, using counties as the unit of analysis allows for the inclusion of all geographic areas in the continental US, including the most remote nonmetropolitan counties and the largest metropolitan areas. Even though counties are not considered actual communities, they are valid spatial and decisional units of analysis for the purposes of determining the factors corresponding to the variability in conditions across the continental US (McLaughlin et al. 2007) .
In order to test our hypotheses, all analyses are estimated separately for metropolitan and nonmetropolitan counties. The Economic Research Service 2003 Urban Influence Codes (UIC) were used to classify the metropolitan status of counties (Economic Research Service 2003) . Counties were considered metropolitan counties if they had an UIC code of 1 (metropolitan counties are large metropolitan areas with at least 1 million residents) or 2 (small metropolitan area with fewer than 1 million residents). If a county did not meet this criterion, then it was considered a nonmetropolitan county. This classification of metropolitan and nonmetropolitan 
Dependent variable-TBR
Our data come from multiple data sources. The NCHS provided the non-public use 1999, 2000, and 2001 micro-data detailed natality files (National Center for Health Statistics 1999 Statistics -2001 . This individual-level data set is based on information abstracted from birth certificates filled in the vital statistics offices in every state. Because the data from NCHS are at the individual-level, the birth data used for this analysis were aggregated to the county-level using the mother's county of residence at the time of birth. This is a 100 percent sample that consists of all births that occurred during the 1999, 2000, and 2001 calendar years to women of all ages. We use these data to calculate the dependent variable, TBR. In order to minimize the fluctuation in the birth rates, the three-year (1999-2001) average TBR were calculated for all counties in the continental US. In order to create this measure, the births to mothers who were ages 15-19 at the time the birth took place were extracted from the original data file. The birth counts from each of the three data files were averaged and this number was divided by the total population of females age 15-19 according to the 2000 census and multiplied by 1,000 (US Census Bureau 2000).
Independent variables-family planning clinics, racial/ethnic composition, religiosity, and socioeconomic disadvantage
The Directory of Family Planning Grantees, Delegates, and Clinics were used to identify each state's Title X funded clinics' contact information (Office of Population Affairs 2005). To identify the rate of clinics per 1,000 females ages 15-19, the street addresses for each of the publicly funded family planning clinics was entered into a database. These addresses were then geocoded in ArcGIS 9.3. The clinic shape file was joined to a 2000 Census county boundary shape file to identify the number of clinics in each county. The number of clinics in each county was then divided by the females age 15-19, and multiplied by 1,000.
Data from the summary files (SF) 1 and 3 of the 2000 US Decennial Census (US Census Bureau 2000) were used to calculate the following independent variables. The measures of county-level racial/ethnic composition were based on the US Census definitions of race and ethnic groups (Black, Native American, Asian, and Hispanic).
We calculated the percentage of the population identifying themselves as Black-alone, Native American-alone, and Asian-alone. Our measure of Percent Hispanic was the Hispanic population divided by the total population, and then multiplied by 100; this measure combined Hispanics reporting any single race or two or more races.
The percentage of the population in poverty (the percentage of persons for whom poverty status is determined with income below the poverty level), the percentage unemployed (the percentage of the civilian population ages 16 years and over and in the labor force), and the percentage less than high school (the percentage of the total population 25 years old and older with less than a high school or equivalent degree) measures were highly correlated: poverty and unemployment (0.68); poverty and less than high school (0.71); and unemployment and less than high school (0.43) and all three bivariate correlations were significant at the p<0.001 level. In order to avoid potential multicollinearity with these three variables, principal components analysis was used to create one composite measure, the socioeconomic disadvantage index.
Data from The Association of Religion Data Archives (ARDA 2000) were used to create a composite measure of religiosity. The 2000 ARDA county files were used to extract data on the rate of adherence per 1,000 population for Mainline Protestant, Catholic, and Evangelical adherence. These rates of adherents were calculated by ARDA using the 2000 US Census SF1 files. The rates of adherence for these three religious groups were included in a principal components analysis to create one composite measure of religiosity using the regression method.
Methodologies and analytic strategy
Following Curtis et al. (2012) , we pursue a socially-defined regime approach. It has been suggested that the concept of "spatial regime" should not be confined to geography or space and can be any meaningful group, such as poverty rates above the national average or metropolitan status (Anselin 1990a; Curtis et al. 2012 ). Specific to this study, we will test whether the difference between metropolitan and nonmetropolitan counties (the regimes) is significant for each independent variable with a spatial Chow test for structural instability across regimes (Anselin 1990b) . The spatial Chow statistic is distributed as a Chi-square distribution and is used to test for stability of the regression coefficients, jointly and separately, across the metropolitan and nonmetropolitan regimes.
Exploratory GWR and explanatory spatial regime models are estimated for metropolitan and nonmetropolitan counties separately. The GWR 3.0 software is used to investigate whether spatial non-stationarity exists in the relationships between TBR and our theoretically relevant predictors. GWR automatically implements the conventional OLS regression models and allows researchers to compare GWR and OLS models based on the goodness-of-fit statistics, such as the Akaike Information Criterion (AIC). Unlike the conventional modeling approaches (e.g., OLS), GWR does not assume the relationships between independent and dependent variables are constant across space. Instead, GWR explores whether the relationships between a set of predictors and an outcome vary by geographical location (Fotheringham, Brunsdon and Charlton 2003) . A spatially varying association suggests that a one unit change in X provokes different levels of change in Y in different parts of the study area (i.e., nonstationarity). As our dependent variable is continuous, the Monte Carlo test for spatial non-stationarity will be used in our analysis (Brunsdon, Fotheringham and Charlton 1996) . While GWR has some limitations, such as multicollinearity (Wheeler and Tiefelsdorf 2005) and approaches to calculating goodness-of-fit statistics (Salas et al. 2010) , it has been suggested to be a powerful tool for investigating spatial nonstationarity (Wheeler and Paez 2010) .
In our exploratory GWR application, we utilize a split-GWR framework, using data on just the nonmetropolitan counties in our nonmetropolitan model and metropolitan counties in the metropolitan model. This approach is rarely adopted, and no other such application of GWR has been done to the best of our knowledge. However, this approach will not pose a problem for our analyses and in fact serves our substantive research interests. GWR was originally developed for spatial point data, and one of the method's strengths is that it allows for the interpolation of values of spatial points that are not included in the data set (Fotheringham et al. 2002) . For example, Brunsdon et al. (1999) modeled selected house sales in Kent, UK, and demonstrated the GWR results for the "whole Kent area," including those places without observations. While GWR was designed for use with spatial point data, it can be stretched to areal data by using the geographic centroids of the areas in the analysis (as was done in this study). An illustration of this approach is included in the GWR workbook by Fotheringham and colleagues (2002) . For this study, we only focus on the spatial relationships within metropolitan and nonmetropolitan counties, respectively.
It should also be noted that one of the distinctions between GWR and other areabased spatial econometrics models is that GWR uses distance to define spatial relationships among observations rather than shared boundaries or vertices. The distance-based weight matrix only considers whether two areas are neighbors, and as long as the areas are neighbors, the weight will be the same for a specific area. Explicitly, the weight for the closer areas is not different from that for the farther areas. This is the fundamental difference between the distance-based matrix and kernel. This distinction reflects the fact that whether or not observations are spatially continuous is not a prerequisite condition for estimating GWR, and GWR analysis does not require that the spatial data points be from a contiguous area. While it is fine to demonstrate the GWR results for those areas without data, we are very cautious about this interpolation and decided not to show the results outside the research areas (i.e., we masked the nonmetropolitan counties in the maps reporting the metropolitan county results, and vice versa). If the GWR approach finds evidence of spatial non-stationarity, spatial regime analysis can help further understand whether the non-stationary associations between TBR and its determinants are specific to nonmetropolitan and metropolitan counties. Spatial regime analysis examines whether the regimes defined by researchers contribute to the unstable relationships between the independent and dependent variables (Anselin 1988) . While spatial regime analysis addresses the non-stationarity, it may not fully handle spatial dependence embedded in the data. To minimize the impact of spatial dependence on our estimates, we incorporate a spatial error term into the spatial regime analysis to account for this potential source of bias (Anselin 1990a ).
Analytic results
Descriptive results
The mean and standard deviation for each of the variables included in the analysis are presented in Table 1 for metropolitan and nonmetropolitan counties separately, and for all counties in the continental US. On average, at the county level, the US has a TBR of approximately 50 births per 1,000 females 15-19 years of age. Nonmetropolitan counties have a slightly higher TBR of 51 compared to the TBR in metropolitan counties of 47. Also displayed in Table 1 is the Moran's I statistic, a measure of spatial autocorrelation, for each of the variables. There is significant positive spatial autocorrelation for each of the variables, including the TBR, which has a Moran's I statistic of 0.53 (p<0.001). These values are indicative of the need for this ecological analysis to be one that incorporates a spatial perspective. As shown in Figure 1 5 , there is variability in our dependent variable, the TBR, across counties in the continental US. The counties with the lowest TBR (0 birth) are thirteen nonmetropolitan counties located in Colorado, Montana, Nebraska, New Mexico, North Dakota, Texas, and Virginia. The county with the highest TBR (130 births per 1,000 females age 15-19) is the nonmetropolitan county, Todd, South Dakota. As shown in the map, the counties in the southern half of the US tend to have higher TBR, especially along the Black Belt and the US-Mexico border, with additional pockets of high TBR in the Great Plains and Mountain West.
The independent sample T-test was used to determine whether these characteristics are significantly different between metropolitan and nonmetropolitan counties. As reported in Table 1 , all of the characteristics are significantly different between metropolitan and nonmetropolitan counties with the exception of the percentage Hispanic. Given the variability of TBR and its predictors across the US between metropolitan and nonmetropolitan status and the significant spatial autocorrelations in our data, it is important to determine which factors contribute to this variation in TBR in local populations. This is best done with spatial analytical methods. There is an average of 1.88 publicly-funded family planning clinics per 1,000 females 15-19 years of age. There are 938 counties with no publicly funded family planning clinics located within the county and 743 of these (or 79 percent) are nonmetropolitan counties (x 2 =118.08; p<0.001). Metropolitan counties have, on average, a higher percent of Blacks and Asians than nonmetropolitan counties, but this pattern is reversed for Native Americans. The distribution of Hispanics is more even across metropolitan and nonmetropolitan areas compared with the other racial/ethnic groups in this study. The socioeconomic disadvantage and religiosity indices were created using principal components analysis. Therefore, these measures have a mean of 0 and a standard deviation of 1 for the all-county sample. Metropolitan counties have a slightly higher and positive religiosity index score compared to nonmetropolitan counties while nonmetropolitan counties have a higher and positive socioeconomic disadvantage score than metropolitan counties. These descriptive statistics between metropolitan and nonmetropolitan counties in Table 1 , to some extent, hint that the associations between these independent variables and the TBR may differ by metropolitan status. However, it should be noted that these are auxiliary results and more solid evidence is required to test our hypotheses.
Global regression results
The OLS regression results for the metropolitan and nonmetropolitan counties are provided in Table 2 . These are the results of the global models. Collinearity diagnostics were estimated using the variance inflation factors (VIF) for individual variables, and no problems of multicollinearity were found among the independent variables in either model. Multicollinearity is said to exist if the VIF is 10 or higher (Williams 2011) . The highest VIF in this analysis was for the socioeconomic disadvantage index. The VIF was 1.95 in the metropolitan county model and 2.15 in the nonmetropolitan county model (results not shown). Note: *p<0.05; **p<0.01; ***p<0.001; †The R-squared is identical across models due to rounding.
The availability of family planning clinics has a significant impact on the TBR. With every additional clinic per 1,000 female teenagers, the TBR decreases by 0.57 births in metropolitan counties and 0.42 births in nonmetropolitan counties. The racial/ethnic composition of the county is associated with the TBR. As the Black population increases by one percent in the county, the TBR increases by 0.34 births in metropolitan counties and 0.41 births in nonmetropolitan counties. The Native American population is not significantly related to the TBR in metropolitan counties; however, as the Native American population increases by one percentage point in nonmetropolitan counties, the TBR increases by 0.58 births. The composition of the Hispanic population is significantly associated with the TBR in both metropolitan and nonmetropolitan counties. With a one percentage point increase in the Hispanic population, the TBR increases by 0.57 and 0.65 births in metropolitan and nonmetropolitan counties, respectively.
As expected, the socioeconomic disadvantage and religiosity indices are significantly related to the TBR. Specifically, with every 0.09 (mean) increase in county religiosity the TBR decreases by 7.91 births in metropolitan counties. As for nonmetropolitan counties, a 0.05 (mean) increase in county religiosity is associated with a decrease in the TBR by 9.24. Socioeconomic disadvantage also had a substantial effect on the TBR. For every one standard deviation increase in the socioeconomic disadvantage index there is an increase in the TBR of 7.97 births in metropolitan counties and 4.77 births in nonmetropolitan counties.
Both the metropolitan and nonmetropolitan OLS regression models explain 60 percent of the total variance in the TBR. That is, the same set of independent variables capture the variation in the TBR for metropolitan and nonmetropolitan counties equally well. However, the R-squared does not tell us whether a variable (e.g., family planning clinics) exerts its influence on TBR in the same way in the metropolitan and nonmetropolitan county models. Although the OLS regression model provides some evidence for the above stated hypotheses, it does not control for the potential biases from both spatial homogeneity and heterogeneity, and it remains unclear whether the associations found above vary spatially. We use GWR to address this issue.
Local regression results
The GWR 5-number parameter summary and Monte Carlo significance tests for spatial variability of parameter estimates for the metropolitan and nonmetropolitan county models are displayed in Table 3 . The Monte Carlo significance tests indicated that the associations between the independent and dependent variables are non-stationary across space, with the exception of the clinic rate and the socioeconomic disadvantage index in the metropolitan county model and the clinic rate and the percentage Asian in the nonmetropolitan county model. The associations estimated in the OLS models could be, at best, understood as overall assessments of the relationships between TBR and the independent variables, whereas the GWR approach investigates these relationships in greater detail. Compared to the OLS metropolitan and nonmetropolitan county models that explain 60 percent of the total variance in TBR, the GWR models both explain approximately 72 percent of the total variance in TBR. For both the metropolitan and nonmetropolitan county models, the GWR model fits the data better than the OLS model, according to the AIC. The metropolitan model AIC for the GWR model is 8,327 compared 8,559 for the OLS model. For the nonmetropolitan model, the AIC for the GWR model is 16,088 compared to 16,628 for the OLS nonmetropolitan model. For both the metropolitan and nonmetropolitan county models, these diagnostics suggest that the GWR local model is statistically preferable to the OLS global model (Fotheringham, Brunsdon, and Charlton 2002) . 
Metropolitan county model results
Maps of the local R-squared values and the significant parameter estimates are displayed in Figure 2 for the metropolitan county GWR model and Figure 3 for the nonmetropolitan county GWR model. As shown in the local R-squared map in Figure 2 , the total variance explained by the local model for metropolitan counties ranges from 39.5 percent to 88.3 percent. In the metropolitan county model, the model fits the data well in many areas of the US, including the Northeast, Midwest, parts of the Great Lakes, and along the west coast. This model did not fit the data as well in the Appalachia region and the South. One of the benefits of the GWR approach is that it allows for the identification of areas that may benefit from a model that includes additional covariates that may help explain regional variation in TBR.
The spatial relationship between the clinic rate and TBR in metropolitan counties is stationary as indicated by the non-significant Monte Carlo test (Table 3) , though from the map we see locally significant positive and negative counties. Consistent with the above stated hypotheses, increases in the percentage of Black, Native American, and Hispanic populations are associated with increases in the TBR in the majority of the significant areas. Significant associations for these measures cover a large portion of the US, especially for the percentage Black and percentage Hispanic measures. This indicates that the racial/ethnic composition of a county is an important predictor of the TBR in most areas. However, the results do reveal that the strength of the relationship does vary and even changes direction in some areas for the percentage Native American measure. This finding adds to our knowledge base and implies that the relationship between TBR and race/ethnicity may be place-specific. While the OLS metropolitan county model revealed no significant relationship between the percentage Native American and the TBR (Table 2) , the GWR results show areas of the US where a significant relationship does exist. Figure 2 also displays the effect of the religiosity index on the TBR. The OLS metropolitan county model results revealed that with an increase in the religiosity index of 0.09, the TBR decreases by approximately 8 births per 1,000 females. The GWR results also show a negative relationship between the religiosity index and the TBR in the majority of the significant counties. The reduction in the TBR across counties ranges from approximately 2 to 16.5 births per 1,000 females. The largest decreases in the TBR can be found along the west coast and in Georgia and South Carolina. While the majority of the significant metropolitan counties experience a decrease in the TBR with higher religiosity, there are some metropolitan counties in the US that experience increases in the TBR. Specifically, metropolitan counties in the Northeast experience increases in the TBR ranging from approximately 1 to 7 births per 1,000 teenagers, controlling for the other variables in the model. As identified in the OLS metropolitan county model, as socioeconomic disadvantage increases in a county, the TBR also increases. This strong relationship was found in many metropolitan counties across the US, with the exception of parts of the Mid-Atlantic, North Central region, and Florida.
Nonmetropolitan county model results
Maps of the local R-squared values and the significant parameter estimates for the nonmetropolitan county model are displayed in Figure 3 . As shown in the local Rsquared map, the total variance explained by the local model for nonmetropolitan counties ranges from 12.8 percent to 84.5 percent. In the nonmetropolitan county model, the model fits the data well in many areas of the US, especially in the Southeast and Midwest. This model did not fit the data as well in the Appalachia and Black Belt regions.
Consistent with the OLS results and the hypotheses, as the percentage of Black, Native American, and Hispanic populations increase in a nonmetropolitan county, so does the TBR in the majority of the significant counties. The GWR model results challenge the OLS results by showing that the relationship between the percentage Native American and the TBR can vary across space. The GWR results reveal the same (positive) relationship as the OLS nonmetropolitan county results in the majority of the significant areas, and these are areas that may benefit from culturally sensitive teenage pregnancy prevention efforts. However, a larger Native American population is associated with a lower TBR in counties located in Ohio, Kentucky, and Indiana. The OLS nonmetropolitan county results revealed that with every 0.05 (the same magnitude of the mean) increase in the religiosity index, the TBR decreases by approximately 9 births per 1,000 females. The GWR results also show a negative relationship between the religiosity index and the TBR. The reduction in the TBR across nonmetropolitan counties ranges from an approximately 2.5 to 16 births per 1,000 females. Significant non-stationarity was also identified for the relationship between socioeconomic disadvantage and the TBR. Consistent with the OLS nonmetropolitan county results, as socioeconomic disadvantage increases in a county, the TBR also increases. The GWR nonmetropolitan county results also revealed a strong positive relationship between socioeconomic disadvantage and the TBR in the majority of the significant counties. These are areas where efforts to improve the county's socioeconomic status could also reduce the TBR. However, a strong negative association between socioeconomic disadvantage and the TBR was also identified from the GWR nonmetropolitan county results for counties located in the Midwest.
Spatial regime analysis results
While GWR confirms the spatially varying relationships between TBR and the independent variables in the metropolitan and nonmetropolitan county models, the question of whether the impact of each predictor differs across metropolitan status is not answered. The spatial regime model was used to address this issue. 6 The spatial regime analysis used a first-order queen contiguity spatial weights matrix (Anselin, Syabri, and Kho 2005) , and the regression parameters were estimated in R (Bates et al. 2010) . We follow the approach used by Curtis et al. (2012) , which addresses the larger spatial context with a spatial error approach and the theoretically relevant spatially bounded social attributes with a spatial regime approach 7 . The spatial regime modeling allows us to model TBR across metropolitan and nonmetropolitan counties simultaneously, which allows us to test whether the influences of independent variables on TBR differ across metropolitan and nonmetropolitan counties. The spatial Chow test was employed to test the hypothesis that the impacts are equal between metropolitan and nonmetropolitan counties. The spatial error term addresses the spatial autocorrelation in the residuals. 6 While GWR accounts for spatially autocorrelated errors, spatial regime analysis does not. Therefore, we tested for spatial autocorrelation in the residuals with a Moran's I test. We found evidence of significant spatial autocorrelation (Moran's I: 0.11; p<0.001); therefore, we included a spatial error term in the spatial regime analysis to treat the spatial autocorrelation found in the data (Anselin 1988) . 7 We also estimated the spatial regime analysis that included a spatial lag and found comparable substantive findings across the models. Comparison of the AIC showed a better model fit for the spatial error model.
We summarized the results in Table 4 . The spatial regime analysis indicates that the effect of each of the independent variables on the TBR does not differ significantly between the metropolitan and nonmetropolitan counties, with the exception of the socioeconomic disadvantage index. The analysis of variance (ANOVA) approach was used to examine if the variation in coefficients between metropolitan and nonmetropolitan counties is significantly different. Using a Chi-square test, the nonspatial regime model (restricted model) was compared with the model with a varying coefficient for a given covariate (unrestricted model), and the Chi-square statistic is calculated to test the null hypothesis that the restricted model does not improve the model fit. According to the Chi-square statistic, the magnitude of the impact of the socioeconomic disadvantage index is significantly stronger among the metropolitan counties than in the nonmetropolitan counties.
What does the spatial regime analysis add to our understanding? Using GWR, we found evidence for spatially non-stationary relationships between TBR and its determinants within each metropolitan status, with some areas significantly stronger (or weaker) than others. However, this within-group variability could not serve to answer the second goal of this study, which is to examine whether the relationships of TBR with its determinants vary between metropolitan status. Spatial regime modeling is essentially a full interaction modeling approach where researchers are allowed to test whether there are structural differences across regimes (Anselin, 1988) . Explicitly, it serves to investigate whether or not the change in TBR corresponding to the same change in an independent variable is statistically different between metropolitan and nonmetropolitan counties. While the OLS results seemed to suggest that the impacts of independent variables on TBR vary greatly by metropolitan status, our spatial regime models only confirmed that socioeconomic disadvantage index operates differently between metropolitan and nonmetropolitan counties. It should be noted that we also included a spatial error term in the spatial regime model, which controls for the potential bias that may be introduced by omitted variables. This spatial regime modeling with a spatial error term should generate solid evidence for our conclusions below. To the best of our knowledge, no prior studies have demonstrated this distinction. Note: *p<0.05; **p<0.01; ***p<0.001
Conclusions
Discussion of findings
The empirical results of this study allowed us to identify varying relationships between the TBR and the independent variables across space within both metropolitan and nonmetropolitan counties and to discover that the relationship between the socioeconomic disadvantage index and the TBR differs by the metropolitan status of counties. Here we revisit our hypotheses and discuss whether they are confirmed by our analysis. First, we proposed that the spatial variation in the availability of family planning clinics may contribute to the TBR differently between metropolitan and nonmetropolitan counties and that the relationships within each metropolitan status group is spatially varying (H1). The OLS results showed a negative association between the clinic rate and TBR, and our GWR results suggested this variable was stationary within both metropolitan and nonmetropolitan models. The nonmetropolitan county spatial regime model showed a significant negative effect of family planning clinics on TBR, while the effect for metropolitan counties was not significant. However, the structural stability tests in the spatial regime modeling did not provide evidence for the significant difference between metropolitan groups.
Second, we hypothesized that the associations of percentages of minority groups with TBR are dependent on geographical locations (H2) and are stronger in nonmetropolitan counties than in metropolitan counties (H3). As anticipated, the GWR results revealed evidence for the non-stationarity embedded in the race/ethnicity-TBR relationship and those counties that are not dominated by non-Hispanic Black or white tend to have stronger relationships between other minority groups (e.g., Native American in Florida, Illinois, and the Great Plains) and TBR. As for the betweengroups variation, the spatial regime model did not reveal the effect of percentages of minority groups on TBR to be stronger in nonmetropolitan counties than in metropolitan counties (despite the fact that the magnitudes of the associations were stronger in nonmetropolitan counties).
Third, we hypothesized that higher religiosity in a county is associated with a lower TBR (H4) and that the relationship between religiosity and the TBR to be stronger in nonmetropolitan than metropolitan areas. The spatial regime model results revealed a negative relationship between religiosity and TBR; however, the structural stability tests in the spatial regime modeling did not provide evidence for a significant difference between metropolitan and nonmetropolitan counties, even though the magnitude of the association was stronger in the nonmetropolitan county model. Fourth, our last two hypotheses suggested that the relationship between the socioeconomic disadvantage index and TBR is not universal across counties (H6) and that this relationship is stronger in nonmetropolitan than metropolitan counties (H7). We found evidence to support the former and our figures suggested that the impacts of socioeconomic disadvantage on TBR tend to be stronger in the south. In addition, the spatial regime analysis suggested that the relationship between the socioeconomic disadvantage index and TBR should be stronger in metropolitan counties than in nonmetropolitan counties.
As the characteristics of metropolitan and nonmetropolitan counties are significantly different (see Table 1 ), we hypothesized that the predictors of TBR would have a significantly different effect on the TBR across metropolitan and nonmetropolitan counties. There are several plausible explanations for only identifying the structural difference in the relationship between socioeconomic disadvantage index and the TBR. In Table 4 , in contrast to other covariates, the socioeconomic disadvantage index showed the largest difference (3.48) in its estimated association with TBR between metropolitan and nonmetropolitan counties. This difference by metropolitan status led to the overall significance for the test for structural instability in Table 4 (spatial Chow test=24.9). In addition, it has been found that social conditions, such as poverty and employment rate, differ greatly by metropolitan status in the US and this spatial variation has persisted for the past few decades (Lichter and Brown 2011) . Our finding of the significantly different impact of socioeconomic disadvantage index on TBR not only echoes the literature, but also underscores the importance of continuous efforts to narrow the socioeconomic status difference between metropolitan and nonmetropolitan counties. It should be noted that even within metropolitan and nonmetropolitan counties (separately), the heterogeneity would be great. Some nonmetropolitan counties are primarily based in primary industries, but others have been transformed to centers of tourism or other types of industry. Within metropolitan counties, some areas are focused on finance and business while others are technologydriven.
Policy and practice implications
The US has the highest teenage pregnancy rate among all developed countries (Pennsylvania Coalition To Prevent Teen Pregnancy 2004). The US teenage pregnancy rate is twice as high as England and Wales and eight times as high as in Japan and the Netherlands (The Alan Guttmacher Institute 2006) despite the fact that US levels of teenage sexual activity are comparable to other developed countries (Skatrud et al. 1998) . The US TBR fell by more than one-third between 1991 and 2005 and increased by 5 percent over the next two consecutive years, but since then it has resumed the long-term downward trend (Ventura and Hamilton 2011) .
Although there have been recent declines in the TBR, large disparities by age, race and ethnicity, and geographical location persist (Ventura and Hamilton 2011) . As this study shows (see Figure 1) , disparities in the TBR within and between metropolitan and nonmetropolitan areas both exist. These disparities reflect ecological-level factors related to socioeconomic disadvantage, such as education and employment opportunities, and economic development policies that could be changed in efforts to reduce the TBR (Crosby and Holtgrave 2006) . From our research, we found that areas with more socioeconomic disadvantage have a higher TBR. Since greater educational and employment opportunities are associated with lower TBR (Darroch and Singh 1999) , these findings should be taken into account when developing strategies seeking to reduce the TBR. If academic success is associated with a lower TBR, finding ways to keep teenagers in school and promote higher educational attainment should be incorporated into teenage pregnancy prevention programs. The majority of the programs that are currently in use are modeled after pregnancy prevention efforts in urban areas (Skatrud et al. 1998 ). However, teenagers need pregnancy prevention programs to focus on issues that are specific to the areas and situations in which they live (Skatrud et al. 1998) .
Pregnancy prevention programs that are made available to nonmetropolitan teenagers need to address issues that are particular to nonmetropolitan areas such as social and cultural isolation, high rates of unemployment and poverty, poor housing, family disruption, confidentiality concerns, and lack of economic opportunities (Loda et al. 1997; Skatrud et al. 1998 ). In addition, nonmetropolitan communities typically do not have the wide range of resources and funding sources that are often found in urban areas (Loda et al. 1997; Skatrud et al. 1998) . Therefore, special attention will need to be paid to finding creative ways to raise money for these efforts as well as to find more efficient ways to work with existing resources in nonmetropolitan counties.
This study found that higher rates of religiosity are associated with lower TBR. Working with churches or other religious institutions may be a way to reach out to teens in an effort to reduce teenage pregnancy. In addition, this study found that counties with higher concentrations of Black, Native American, and Hispanic populations have a higher TBR. Because of the differences in TBR across race/ethnicity, class, and location, teenagers are at varying risks of experiencing a teenage birth (Berry et al. 2000) . Teenagers need contraceptive services and pregnancy prevention interventions to be specific according to their particular needs (Santelli et al. 2006) . The programs implemented must also take into account racial, ethnic, and cultural differences, as well as geographical differences (Berry et al. 2000) .
Contributions
This study makes several contributions to the teenage pregnancy/childbearing literature. First, this study attempts to explore the variation in teenage birth rates not only between metropolitan and nonmetropolitan counties but also within metropolitan and nonmetropolitan counties, respectively. The OLS analysis (see Table 2 ) cannot detect non-stationarity so we utilize exploratory GWR. Using a split GWR model we confirmed that the spatial variation is statistically significant within both the metropolitan and the nonmetropolitan counties (Table 3) . Second, the aspatial OLS approach does not consider spatial dependence. As shown in Figure 1 , most metropolitan and nonmetropolitan counties are clustered, and we tested whether both dependent and independent variables are significantly different by metropolitan status (Table 1) . Our split GWR results suggested that spatial dependency exists within each group. To further explore the variation between metropolitan and nonmetropolitan counties, we used a spatial regime approach with a spatial error term (Table 4) . Accounting for spatial dependency in the errors will lead to better statistical efficiency than an OLS and aspatial perspective (Lesage and Pace, 2009 ). Our results provide evidence for the variation between metropolitan and nonmetropolitan groups (Curtis et al. 2012 ). Third, our study provides an example of how both local and global perspectives could inform each other. As Fotheringham (2009) suggests, spatial heterogeneity and dependency are not mutually exclusive, but few papers attempt to discuss them together in one study. Fourth, substantively, our work provides evidence that socioeconomic disadvantage may explain the difference in TBR between metropolitan and nonmetropolitan counties and that it may not be appropriate to assume the associations between TBR and its determinants are universal, which challenges a spatial naïve or aspatial perspective (Goodchild and Janelle, 2010) .
Limitations of the current study and directions for future research
This study has some limitations. First, as an ecologic and cross-sectional analysis, the findings cannot be used to make causal inferences about individual behaviors. Adding a temporal component into future studies may further clarify the ecological associations we observed in 2000. Second, while the data used in this study are maintained by Federal agencies and are of high quality, sampling errors in the data collection design may be a concern. Third, due to data limitations, this study does not consider how condom usage is associated with the TBR. Condoms are one of the most common methods of birth control used by teenagers in the US. However, condoms do not have to be obtained from family planning clinics and can be obtained without a prescription. Fourth, because of the racial/ethnic disparities in the TBR, it may have been more beneficial to examine the TBR for specific racial/ethnic groups. The data could be used to perform this type of analysis. However, it was not done in this study due to the terms of the restricted data access agreement with the NCHS. A study using TBR by race/ethnicity using a nationally representative sample that included both nonmetropolitan and metropolitan teenagers would allow for an examination of how local (county) characteristics differ in their relationship with TBR for different racial and ethnic groups and would fill our gaps in the nonmetropolitan teenage pregnancy literature.
Further research needs to be done on teenage pregnancy, childbearing, and contraceptive use in nonmetropolitan areas, including work on placement and effectiveness of family planning clinics. Family planning clinic providers need to know the extent to which nonmetropolitan teenagers need improved access and availability of contraceptive methods and services, as well as ways to create flexibility in the programming that allows for easy adaptation to local community needs. Mobile family planning clinics or doctors who practice in different communities various days of the week may be a way to address this concern. Finally, the results of this study showed a non-stationary relationship between the religiosity index and the TBR. To help better understand how religiosity affects the TBR, more research is also needed that looks at differences in TBR across religious groups and how these relationships vary across metropolitan and nonmetropolitan areas.
